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1
MACHINE LEARNING DEVICEL

CROSS-REFERENCE TO RELATED
APPLICATION

This application claims priority to Japanese Patent Appli-

cation No. 2020-139433 filed on Aug. 20, 2020, the entire
contents of which are herein incorporated by reference.

FIELD

The present disclosure relates to a machine learming
device.

BACKGROUND

In recent years, along with the development of Al (arti-
ficial intelligence) technology, in vehicles, control using a
machine learning model such as a neural network model has
been studied. For example, 1n the machine learming device
described 1n Japanese Unexamined Patent Publication No.
2019-183698, a neural network 1s used to predict the tem-
perature of an exhaust purification catalyst provided 1n an
internal combustion engine.

In order to improve the precision of prediction of such a
neural network model, 1t 1s necessary to train the neural
network 1n advance. For example, as described in Japanese
Unexamined Patent Publication No. 2019-183698, the neu-
ral network model 1s trained in a server, and the trained
neural network model 1s sent from the server to a vehicle.

SUMMARY
Technical Problem

In this regard, 11, along with use of a vehicle, the vehicle
parts become degraded or break down, the vehicle parts are
replaced. Further, vehicle parts are sometimes replaced for
mounting higher performance vehicle parts 1n a vehicle.

However, a machine learning model used in a vehicle 1s
usually tailored to the properties of the vehicle part before
replacement. Therefore, if replacement of a vehicle part
causes the properties of the vehicle part to change, the
precision of prediction of the machine learning model 1s
liable to fall.

Therefore, 1n consideration of the above problem, an
object of the present disclosure 1s to keep the precision of
prediction of a machine learming model used 1n a vehicle
from falling 11 a vehicle part 1s replaced.

Solution to Problem

The summary of the present disclosure 1s as follows.

(1) A machine learning device comprising: a training part
configured to train a machine learning model used 1 a
vehicle; and a detecting part configured to detect replace-
ment of a vehicle part mounted 1n the vehicle, wherein the
training part 1s configured to retrain the machine learning
model using training data sets corresponding to a vehicle
part after replacement when a vehicle part relating to input
data of the machine learning model 1s replaced.

(2) The machine learning device described in above (1),
wherein the training part 1s configured to retrain the machine
learning model using training data sets corresponding to a
vehicle part after replacement only when a vehicle part
relating to mput data of the machine learning model 1s
replaced with a vehicle part of a diflerent configuration.
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(3) The machine learming device described 1n above (1) or
(2), further comprising an updating part configured to update
the machine learning model, wherein the training part 1s
provided at a server and 1s configured to transmit a retrained
machine learning model to the vehicle, and the updating part
1s configured to apply the retrained machine learning model
to the vehicle.

(4) The machine learming device described 1n above (1) or
(2), wherein the traiming part 1s provided at the vehicle and

1s configured to apply a retrained machine learning model to
the vehicle.

(5) The machine learning device described 1n above any
one of (1) to (4), wherein the machine learning model 1s a
neural network model, and the training part 1s configured to
retrain the machine learning model by updating parameters
of the machine learning model set before retraining.

Advantageous Ellects

According to the present disclosure, 1t 1s possible to keep
the precision of prediction of a machine learning model used
in a vehicle from falling 1f a vehicle part 1s replaced.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 1s a view schematically showing the configuration
of a vehicle at which a machine learning device according to

a first embodiment of the present disclosure 1s provided.
FIG. 2 1s a functional block diagram of an ECU of FIG.

1.

FIG. 3 shows one example of a neural network model
having a simple configuration.

FIG. 4 1s a flow chart showing a control routine of
processing for retraining in the first embodiment of the
present disclosure.

FIG. § 1s a schematic view of the configuration of a
client-server system to which a machine learning device
according to a second embodiment of the present disclosure
1s applied.

FIG. 6 1s a view schematically showing a part of the
configuration of the vehicle of FIG. 5.

FIG. 7 1s a functional block diagram of an ECU of FIG.
6.

FIG. 8 1s a flow chart showing a control routine of
processing for updating a model 1n the second embodiment
of the present disclosure.

FIG. 9 1s a flow chart showing a control routine of
processing for retraining in the second embodiment of the
present disclosure.

DETAILED DESCRIPTION

Below, referring to the drawings, embodiments of the
present disclosure will be explained in detail. Note that, in
the following explanation, similar component elements will
be assigned the same reference notations.

First Embodiment

First, referring to FIG. 1 to FIG. 4, a first embodiment of
the present disclosure will be explained. FIG. 1 1s a view
schematically showing the configuration of a vehicle 1 at
which a machine learning device according to the first
embodiment of the present disclosure 1s provided.

As shown in FIG. 1, the vehicle 1 1s provided with
actuators 11, sensors 12, and an electronic control unit

(ECU) 20. That 1s, the actuators 11, the sensors 12, and the
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ECU 20 are mounted 1n the vehicle 1. The actuators 11 and
the sensors 12 are connected to be able to communicate with
the ECU 20 through an internal vehicle network based on the
CAN (Controller Area Network) or other standard.

The actuators 11 are operating parts required for the
vehicle 1 to run. For example, they include parts rec uired for
operatlon of the internal combustion engine (spark plugs,
tuel injectors, a throttle valve-drive actuator, an EGR control
valve, etc.), a motor, a clutch, etc. The ECU 20 controls the
actuators 11.

The sensors 12 detect the states of the vehicle 1, the
internal combustion engine, the battery, etc., and include a
vehicle speed sensor, a GPS receiver, an accelerator opening,
degree sensor, an air flowmeter, an air-fuel ratio sensor, a
crank angle sensor, a torque sensor, a voltage sensor, a
temperature sensor, etc. The outputs of the sensors 12 are
sent to the ECU 20.

The actuators 11 and the sensors 12 constitute vehicle
parts mounted in the vehicle 1. In other words, the vehicle
parts include the actuators 11 and the sensors 12.

The ECU 20 includes a communication interface 21, a
memory 22, and a processor 23 and performs various control
operations of the vehicle 1. Note that, 1n the present embodi-
ment, a single ECU 20 1s provided, but a plurality of ECUs
may be provided for the different functions.

The communication interface 21 1s an interface circuit for
connecting the ECU 20 to an internal vehicle network based
on the CAN or other standard. The ECU 20 communicates
with other vehicle-mounted devices through the communi-
cation interface 21.

The memory 22, for example, has a volatile semiconduc-
tor memory (for example, a RAM) and nonvolatile semi-
conductor memory (for example, a ROM). The memory 22
stores programs run in the processor 23, various data used
when the various processings are performed by the proces-
sor 23, etc.

The processor 23 has one or more CPUs (central process-
ing units) and their peripheral circuits and performs various
processing. Note that, the processor 23 may further have
processing circuits such as arithmetic logic units or numeri-
cal calculation units. The communication interface 21, the
memory 22 and the processor 23 are connected to each other
through signal wires.

In the present embodiment, the ECU 20 functions as a
machine learning device. FIG. 2 1s a functional block
diagram of the ECU 20 of FIG. 1. The ECU 20 has a training
part 31 and a detecting part 32. The training part 31 and the
detecting part 32 are functional blocks realized by a program
stored in the memory 22 of the ECU 20 run by the processor
23 of the ECU 20.

The tramning part 31 trains the machine learning model
used 1n the vehicle 1. In the present embodiment, as the
machine learning model, a neural network model outputting,
at least one output data (which 1s also called *“a target
variable”) from a plurality of mput data (which are also
called “explanatory variables™) 1s used.

First, referring to FIG. 3, a neural network model will be
explained 1n outline. FIG. 3 shows one example of a neural
network model having a simple configuration.

The circle marks 1n FIG. 3 show artificial neurons. An
artificial neuron 1s usually called a “node” or “unit” (in this
Description, called a “node™). In FIG. 3, L=1 indicates an
input layer, L=2 and L=3 indicates lidden layers, and =4
indicates an output layer. Note that, the hidden layers are
also called “intermediate layers™.

In FIG. 3, x; and X, indicate nodes of the input layer (L=1)
and output values from the nodes, while “y” indicates a node
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of the output layer (I.=4) and its output values. Similarly, the
7,72 7, "™ and 7,7 indicates nodes of the hidden
layers (L=2) and the output values from the nodes, while
7, and z,'*~ indicate nodes of the hidden layers (L=3)
and the output values from the nodes.

At the nodes of the mput layer, inputs are output as they
are. On the other hand, at the nodes of the hidden layer
(L=2), the output values x, and x,, of the nodes of the input
layer are mput. At the nodes of the hidden layers (LL=2),
corresponding weights “w” and biases “b” are used to
calculate total input values “u”. For example, 1n FIG. 3, the
total input values u,'“~* calculated at the nodes shown by
7,57 (k=1, 2, 3) of the hidden layer (L=2) become as in the
following equation (M 1s the number of nodes of the mput
layer).

|Equation 1]
W=y 4 b,

(L 2) Z(x

Next, this total input values u,“~ are converted by the

activation function “1” and are output as the output values
7,72 (=f(u, ")) from the nodes shown by z,“~ of the
hidden layers (L=2). On the other hand, the nodes of the

hidden layer (L.=3) receive as input the output values z, >,

7,572, and z,*~® of the nodes of the hidden layer (L=2). At
the nodes of the hidden layer (L=3), the corresponding
welghts “w” and biases “b” are used to calculate the total
iput values “u”’(=Xz-w+b). The total mnput values “u” are
similarly converted by an activation function and are output
from the nodes of the lidden layers (L=3) as the output
values z,“ and z,“™’. The activation function is for
example a Sigmoid function o.

Further, the node of the output layer (L=4) receives as
input the output values z,*’ and z,"“~’ of the nodes of the
hidden layer (L=3). At the node of the output layer, the
corresponding weights “w” and biases “b” are used to

W
calculate the total mput value “u” (Zz-w+b) or only the
corresponding weights “w” are used to calculate the total
iput value “u” (Zz-w). For example, at the node of the
output layer, an identity function 1s used as the activation
function. In this case, the total mput value “u” calculated at
the node of the output layer 1s output as 1t 1s as the output
value “y” from the node of the output layer.

The neural network model used 1n the vehicle 1 is stored
in the memory 22 of the ECU 20 or another storage device
provided at the vehicle 1. The ECU 20 mputs values of a
plurality of mput data (input values) to the neural network
model to thereby make the neural network model output the
value of at least one output data (output value). At this time,
as the values of the mput data, for example, output values of
the sensors 12, command values from the ECU 20 to the
actuators 11, values calculated at the ECU 20, etc., are used.

The value of the output data output from the neural
network model 1s used for control of the vehicle 1. Note that,
the neural network model may be either of a regression
model and a classification model. If the neural network
model 1s a regression model, the output data, for example, 1s
the output torque of the iternal combustion engine, the
concentration of predetermined constituent in the exhaust
gas (HC, NOx, etc.), the state of charge (SOC) of the battery,
etc. On the other hand, if the neural network model 1s a
classification model, the output data 1s, for example, a result
of judgment of abnormality of a predetermined sensor 12, a
result of judgment of startup of the internal combustion
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engine i a hybrid vehicle, etc. As mput data, a state quantity
correlated with the output data 1s suitably selected.

In order to improve the precision of this neural network
model, 1t 1s necessary to train the neural network model 1n
advance. For this reason, for example, the neural network
model 1s trained in the vehicle production plant, etc.

In traiming the neural network model, training data sets
comprised of combinations of measured values of a plurality
of mnput data and measured values of at least one output data
corresponding to these measured values of the plurality of
input data (truth data or teacher data) are used. The measured
values of the mput data and output data are for example
acquired using an engine bench, etc., and the training data
sets are created by combining the corresponding measured
values.

In training the neural network model, a large number of
training data sets are used and the known back propagation
method 1s used to repeatedly update the parameters of the
neural network model (weights “w” and biases “b”’) so that
the difference between the values of the output data output
by the neural network model and the measured values of the
output data becomes smaller. As a result, the neural network
model 1s tramned and a trained neural network model 1s
created. The created trained neural network model 1s loaded
in the ECU 20 of the vehicle 1 before shipment of the vehicle
1. That 1s, information of the trained neural network model
(structure, weights “w”, biases “b”, etc., of the model) 1s
stored 1n the memory 22 of the ECU 20 or another storage
device provided 1n the vehicle 1. Note that, a neural network
model may be trained by the training part 31 after the vehicle
3 1s shipped, and the trained neural network model may be
created by the training part 31.

In this regard, 11 a vehicle part such as the actuator 11 or
the sensor 12 deteriorates or breaks down along with use of
the vehicle 1, the vehicle part 1s replaced. Further, some-
times a vehicle part 1s replaced in order to mount a higher
performance vehicle part 1n the vehicle 1.

However, the neural network model loaded 1n the ECU 20
1s taillored to the properties of the vehicle part before
replacement. For this reason, if the properties of a vehicle
part change due to replacement of the vehicle part, the
precision of prediction of the neural network model 1s liable
to fall. For example, if a vehicle part 1s replaced with a
vehicle part with a different configuration, usually the prop-
erties of the vehicle part change. Further, even if a vehicle
part 1s replaced with a vehicle part with the same configu-
ration, individual varniations will sometimes cause the prop-
erties of the vehicle part to change.

Theretfore, in the present embodiment, the detecting part
32 detects replacement of a vehicle part mounted 1n the
vehicle 1. Further, 11 a vehicle part relating to input data of
a neural network model 1s replaced, the training part 31 uses
the vehicle part after replacement to create training data sets
corresponding to the vehicle part atter replacement and uses
these training data sets to retrain the neural network model.
By retraining the neural network model 1n accordance with
replacement of a vehicle part in this way, 1f a vehicle part 1s
replaced, 1t 1s possible to keep the precision of prediction of
the neural network model used in the vehicle 1 from falling.

Below, using the flow chart of FIG. 4, the above-men-
tioned control will be explained in detail. FIG. 4 1s a flow
chart showing the control routine of processing for retrain-
ing 1n the first embodiment of the present disclosure. The
present control routine 1s repeatedly performed by the ECU
20 at predetermined run intervals.

First, at step S101, the detecting part 32 judges whether a
replacement tlag F 1s “1”. The replacement flag F 1s a flag
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which 1s set to “1” when a vehicle part 1s replaced. The
initial value of the replacement flag F 1s zero. I at step S101
it 1s judged that the replacement flag F 1s zero, the present
control routine proceeds to step S102.

At step S102, the detecting part 32 judges whether a
vehicle part relating to mput data of the neural network
model has been replaced. For example, 1f an output value of
a sensor 12 1s used as mput data of the neural network
model, the sensor 12 corresponds to a vehicle part relating
to mput data of the neural network model. Further, 1f a
command value from the ECU 20 to an actuator 11 1s used
as mput data of the neural network model, the actuator 11
corresponds to a vehicle part relating to input data of the
neural network model.

The detecting part 32, for example, reads the identifica-
tion information of the vehicle part (model number, serial
number, manufacturing number, etc.,) to detect replacement
of a vehicle part. Further, the detecting part 32 may detect an
output wavelorm, an operating voltage, etc., ol a vehicle part
to detect replacement of a vehicle part. Further, a worker
may 1put replacement ol a vehicle part to an input device
(HMI etc.,) of the vehicle 1 and a detecting part 32 may
detect replacement of a vehicle part based on mput to the
input device.

IT at step S102 it 1s judged that a vehicle part has not been
replaced, the present control routine ends. On the other hand,
if at step S102 1t 1s judged that a vehicle part has been
replaced, the present control routine proceeds to step S103.
At step S103, the detecting part 32 sets the replacement flag
F to “1”.

Next, at step S104, the training part 31 creates training
data sets corresponding to the vehicle part after replacement.
In the training data sets corresponding to the vehicle part
alter replacement, the output value of the vehicle part after
replacement, the command value to the vehicle part after
replacement, etc., are used as one of the measured values of
input data. Further, the vehicle 1 1s provided with sensors 12,
etc., for acquiring measured values of output data of the
neural network model. For this reason, the tramning part 31
can combine measured values corresponding to the input
data and output data to create the training data sets.

Next, at step S105, the training part 31 judges whether the
number of training data sets corresponding to a vehicle part
alter replacement 1s equal to or greater than a predetermined
value. The predetermined value 1s set 1n advance and 1s set
to a number required for obtaining the required precision of
prediction of the neural network model. IT at step S103 it 1s
judged that the number of training data sets 1s less than the
predetermined value, the present control routine ends. On
the other hand, 11 at step S105 1t 1s judged that the number
of the tramning data sets i1s equal to or greater than the
predetermined value, the present control routine proceeds to
step 5106.

At step S106, the training part 31 uses training data sets
corresponding to the vehicle part after replacement to train
(retrain) the neural network model. Specifically, the training
part 31 repeatedly updates the parameters of the neural
network model (weights “w” and biases “b”’) by the known
back propagation method and creates a retrained neural
network model so that the difference between the values of
the output data output by the neural network model and the
measured values of the output data becomes smaller.

For example, the mitial values of the parameters (weights
“w” and biases “b””) when starting retraining are set to the
predetermined values. Further, the mitial values of the
parameters when starting retraining may be values set before
retraining, that 1s, the values learned for the vehicle part
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betfore replacement. In other words, the training part 31 may
retrain the neural network model by updating the parameters
of the neural network model set before retraining. By doing
this, 1t 1s possible to efliciently raise the precision of pre-
diction of the neural network model by retraining and 1in turn
possible to decrease the number of training data sets
required.

Next, at step S107, the tramming part 31 applies the
retrained neural network model to the vehicle 1. In other
words, the training part 31 updates the neural network model
used 1n the vehicle 1. That 1s, the information of the neural
network model stored 1n the memory 22 of the ECU 20 or
another storage device 1s rewritten. By using a retrained
neural network model 1n the vehicle 1, it 1s possible to
predict the value of output data corresponding to input data
ol predetermined values without detecting the actual value
of output data by the sensors 12, efc.

Next, at step S108, the training part 31 sets the replace-
ment flag F to zero. After step S108, the present control
routine ends.

Note that the properties of a vehicle part greatly change
when a vehicle part 1s replaced by a vehicle part of a
different configuration. For this reason, the training part 31
may retrain the neural network model using training data
sets corresponding to the vehicle part after replacement only
when a vehicle part relating to input data of the neural
network model 1s replaced with a vehicle part of a diflerent
configuration. By doing this, 1t 1s possible to eflectively keep
the precision of prediction of the neural network model from
talling while decreasing the amount of power consumed for
retraining. In this case, at step S102, the detecting part 32
judges whether a vehicle part relating to mput data of the
neural network model has been replaced by a vehicle part of
a different configuration.

Second Embodiment

The configuration and control of the machine learming
device according to the second embodiment are basically the
same as the configuration and control of the machine learn-
ing device according to the first embodiment except for the
points explained below. For this reason, below, the second
embodiment of the present disclosure will be explained
centered on the parts different from the first embodiment.

FIG. 5§ 1s a schematic view of the configuration of a
client-server system 10 to which a machine learning device
according to the second embodiment of the present disclo-
sure 1s applied. The client-server system 10 1s provided with
a vehicle 1' and a server 4. The server 4 can communicate
with a plurality of vehicles including the vehicle 1'.

As shown 1n FIG. 5, the server 4 1s provided outside of the
vehicle 1' and 1s provided with a communication interface
41, a storage device 42, a memory 43, and a processor 44.
Note that, the server 4 may be further provided with an input
device such as a keyboard and mouse and an output device
such as a display etc. Further, the server 4 may be configured
by a plurality of computers.

The communication interface 41 can communicate with
the vehicle 1' and enables the server 4 to communicate with
the vehicle 1'. Specifically, the communication interface 41
has an interface circuit for connecting the server 4 to the
communication network 5. The server 4 communicates with
the vehicle 1' through the communication interface 41,
communication network 5, and wireless base station 6. The
communication interface 41 1s one example of a communi-
cation device.
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The storage device 42, for example, has a hard disk drive
(HDD), solid state drive (SSD), optical storage medium, eftc.
The storage device 42 stores various types of data, for
example, stores computer programs for the processor 44 to
perform various processing, etc.

The memory 43, for example, has a semiconductor
memory such as a random access memory (RAM). The
memory 43, for example, stores various data etc., used when
various processing 1s performed by the processor 44.

The communication interface 41, the storage device 42,
and the memory 43 are connected through signal wires to the
processor 44. The processor 44 has one or more CPUs and
peripheral circuits and performs various processing. Note
that, the processor 44 may further have processing circuits
such as arithmetic logic units or numerical calculation unats.
The processor 44 1s an example of a control device.

FIG. 6 1s a view schematically showing a part of the
configuration of the vehicle 1' of FIG. 5. As shown 1n FIG.
6, the vehicle 1' 1s provided with actuators 11, sensors 12,
and an ECU 20 plus a communication module 13. The
actuators 11, the sensors 12, and the communication module
13 are connected to be able to communicate with the ECU
20 through an internal vehicle network based on the CAN
(Controller Area Network) or other standard.

The communication module 13 i1s a device enabling
communication between the vehicle 1' and the outside of the
vehicle 1'. The communication module 13, for example, 1s a
data communication module (DCM) able to communicate
with a communication network 3 through a wireless base
station 6. Note that, as the communication module 13, a
mobile terminal (for example, a smart phone, a tablet
terminal, a WiF1 router, etc.,) may be used. The communi-
cation module 13 1s one example of a communication
device.

In the second embodiment, the ECU 20 functions as a part
of the machine learming device. FIG. 7 1s a functional block
diagram of the ECU 20 of FIG. 6. The ECU 20 has a
detecting part 32 and an updating part 33. The detecting part
32 and the updating part 33 are functional blocks realized by
a program stored 1n the memory 22 of the ECU 20 being run
by the processor 23 of the ECU 20.

The detecting part 32, in the same way as the first
embodiment, detects replacement of a vehicle part mounted
in the vehicle 1. The updating part 33 updates the neural
network model used in the vehicle 1'.

In the second embodiment, the neural network model
used 1n the vehicle 1' 1s trained at the server 4 and the trained
neural network model 1s transmitted from the server 4 to the
vehicle 1'. That 1s, the processor 44 of the server 4 functions
as a training part for traiming the neural network model used
in the vehicle 1'.

If a vehicle part relating to iput data of a neural network
model 1s replaced, the processor 44 uses training data sets
corresponding to the vehicle part after replacement to retrain
the neural network model and transmaits the retrained neural
network model to the vehicle 1'. I receiving the retrained
neural network model from the server 4, the updating part 33
of the vehicle 1' applies the retrained neural network model
to the vehicle 1'. By retraiming the neural network model in
accordance with replacement of a vehicle part 1n this way, 1t
1s possible to keep the precision of prediction of the neural
network model used in the vehicle 1' from falling 11 a vehicle
part 1s replaced.

Below, flow charts of FIG. 8 and FIG. 9 will be used to
explain 1n detail the above control. FIG. 8 1s a flow chart
showing a control routine of processing for updating a
model 1n the second embodiment of the present disclosure.
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The present control routine i1s repeatedly performed at
predetermined run intervals by the ECU 20 of the vehicle 1'.

First, at step S201, the detecting part 32 judges whether a
replacement flag F 1s “1”. The replacement flag F 1s a flag
which 1s set to “1” when a vehicle part 1s replaced. The
initial value of the replacement tlag F 1s zero. IT at step S201
it 1s judged that the replacement flag F i1s zero, the present
control routine proceeds to step S202.

At step S202, 1n the same way as step S102 of FIG. 4, the
detecting part 32 judges whether a vehicle part relating to
input data of a neural network model has been replaced. If
it 1s judged that a vehicle part has not been replaced, the
present control routine ends. On the other hand, 1f 1t 1s
judged that a vehicle part has been replaced, the present
control routine proceeds to step S203.

At step S203, the detecting part 32 sets the replacement
flag F to “17. After step S203, the present control routine
proceeds to step S204. On the other hand, if at step S201 1t
1s judged that the replacement flag F 1s “1”, the present
control routine skips steps S202 and S203 and proceeds to
step 5204.

At step S204, the updating part 33 creates training data
sets corresponding to the vehicle part after replacement. In
the training data sets corresponding to the vehicle part after
replacement, the output value of the vehicle part after
replacement, command value to the vehicle part after
replacement, etc., are used as one of the measured values of
the mput data. Further, the vehicle 1' 1s provided with
sensors 12, etc., for acquiring measured values of output
data of the neural network model. For this reason, the
updating part 33 can combine measured values correspond-
ing to the mput data and output data to create the training
data sets.

Next, at step S205, the updating part 33 transmits the
training data sets corresponding to the vehicle part after
replacement to the server 4.

Next, at step S206, the updating part 33 judges whether
the retrained neural network model has been recerved from
the server 4. I1 1t 1s judged that the retrained neural network
model has not been received, the present control routine
ends. On the other hand, 1t it 1s judged that the retrained
neural network model has been received, the present control
routine proceeds to step S207.

At step S207, the updating part 33 applies the retrained
neural network model to the vehicle 1'. In other words,
updating part 33 updates the neural network model used in
the vehicle 1'. That 1s, the information of the neural network
model stored 1n the memory 22 of the ECU 20 or another
storage device 1s rewritten.

Next, at step S208, the updating part 33 resets the replace-
ment flag F to zero. After step S109, the present control
routine ends.

FIG. 9 1s a flow chart showing the control routine of
processing for retraining in the second embodiment of the
present disclosure. The present control routine 1s repeatedly
performed by the processor 44 of the server 4 at predeter-
mined run intervals.

First, at step S301, the processor 44 judges whether 1t has
received training data sets corresponding to the vehicle part
alter replacement from the vehicle 1'. IT 1t 1s judged that 1t
has not received the training data sets, the present control
routine ends. On the other hand, if i1t 1s judged that 1t has
received the training data sets, the present control routine
proceeds to step S302.

Next, at step S302, the processor 44 judges whether the
number of training data sets corresponding to a vehicle part
alter replacement 1s equal to or greater than a predetermined
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value. The predetermined value 1s set in advance and 1s set
to a number required for obtaining the required precision of

prediction of the neural network model. It at step S302 it 1s
judged that the number of training data sets 1s less than a
predetermined value, the present control routine ends. On
the other hand, 11 at step S302 1t 1s judged that the number
of the tramning data sets 1s equal to or greater than a
predetermined value, the present control routine proceeds to
step 5303.

At step S303, the processor 44 uses training data sets
corresponding to the vehicle part after replacement to train
(retrain) the neural network model. Specifically, the proces-
sor 44 repeatedly updates the parameters of the neural
network model (weights “w” and biases “b”) by the known
back propagation method and creates a retrained neural
network model so that the difference between the values of
the output data output by the neural network model and the
measured values of the output data becomes smaller.

For example, the mitial values of the parameters (weights
“w” and biases “b””) when starting retraining are set to the

W
predetermined values. Further, the mmitial values of the
parameters when starting retraining may be values set before
retraining, that 1s, the values learned for the vehicle part
before replacement. In other words, the processor 44 may
retrain the neural network model by updating the parameters
of the neural network model set before retraining. By doing
this, 1t 1s possible to efliciently raise the precision of pre-
diction of the neural network model by retraining and in turn
possible to decrease the number of training data sets
required.

Next, at step S304, the processor 44 transmits the
retrained neural network model to the vehicle 1'. After step
5304, the present control routine ends.

Note that, training data sets corresponding to the vehicle
part after replacement may be transmitted from a vehicle
other than the vehicle 1' to the server 4. Further, the training
data sets corresponding to the vehicle part after replacement
may be created at the server 4 using an engine bench, etc.

Further, as explained above, the properties of a vehicle
part greatly change when a vehicle part 1s replaced with a
vehicle part of a different configuration. For this reason, the
processor 44 may retrain the neural network model using
training data sets corresponding to the vehicle part after
replacement only when a vehicle part relating to input data
of the neural network model 1s replaced with a vehicle part
of a different configuration. By doing this, it 1s possible to
cllectively keep the precision of prediction of the neural
network model from falling while decreasing the amount of
power consumed for retraiming. In this case, at step S202, the
detecting part 32 judges whether a vehicle part relating to
input data of the neural network model has been replaced
with a vehicle part of a different configuration.

Above, embodiments according to the present disclosure
were explained, but the present disclosure 1s not limited to
these embodiments and can be corrected and changed in
vartous ways within the language of the claims. For
example, the machine learning model used 1n the vehicle 1,
1' may be a machine learning model other than a neural
network such as a random {forest, a k-nearest neighbor
method, a support vector machine, eftc.

REFERENCE SIGNS LIST

1. 1' vehicle

11 actuator

12 sensor

20 electronic control unit (ECU)
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31 training part

32 detecting part

33 updating part

4 server

44 processor

The 1nvention claimed 1s:

1. A machine learning device comprising a processor

configured to:

tramn a first machine learning model used 1 a vehicle
using training data sets corresponding to a first vehicle
part as input data, and

detect replacement of the first vehicle part mounted 1n the
vehicle, wherein

the processor 1s configured to retrain the first machine
learning model to obtain a second machine learning
model using training data sets corresponding to a

second vehicle part after replacement 1n response to
detecting a replacement of the first vehicle part with the
second vehicle part only when the detecting detects that
the first vehicle part relating to mput data of the first
machine learning model 1s replaced with the second
vehicle part having a different configuration or different
properties than the first vehicle part,

wherein the processor detects the replacement of the first

vehicle part mounted in the vehicle based on an output
value of the first vehicle part; and

wherein the output value 1s an output waveform or an

operating voltage of the first vehicle part.

2. The machine learning device according to claim 1,
wherein the processor 1includes a first processor configured
to detect replacement of the first vehicle part mounted in the
vehicle, and a second processor configured to retrain the first
machine learning model to obtain the second machine
learning model,

the second processor 1s provided at a server and 1s

configured to transmit the second machine learning
model to the vehicle, and

the first processor 1s configured to apply the second

machine learning model to the vehicle.

3. The machine learming device according to claim 1,
wherein the processor 1s provided at the vehicle and 1s
configured to apply the second machine learning model to
the vehicle.
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4. The machine learning device according to claim 1,
wherein the first machine learning model 1s a neural network
model, and

the processor 1s configured to retrain the first machine

learning model by updating parameters of the first
machine learning model set before retraining.

5. A machine learming device comprising:

a processor configured to:

train a first machine learning model used in a vehicle

using training data sets corresponding to a first vehicle
part as mput data, and

detect replacement of the first vehicle part mounted 1n the

vehicle,
wherein the processor 1s configured to retrain the first
machine learning model to obtain a second machine
learning model using training data sets corresponding
to a second vehicle part after replacement 1n response
to detecting a replacement of the first vehicle part with
the second vehicle part only when the detecting detects
that the first vehicle part relating to mput data of the
first machine learning model 1s replaced with the sec-
ond vehicle part having a different configuration or
different properties than the first vehicle part, and

wherein the processor includes a first processor config-
ured to detect replacement of the first vehicle part
mounted 1n the vehicle,

and a second processor configured to retrain the first

machine learning model to obtain the second machine
learning model,

the first processor 1s provided at a server and the second

processor 1s provided at the vehicle, and

the second processor 1s configured to apply the second

machine learning model to the vehicle.

6. The machine learning device according to claim 1,
wherein the vehicle 1s a motorized vehicle.

7. The machine learning device according to claim 1,
wherein the processor detects the replacement of the first

vehicle part mounted 1n the vehicle based on iput to an
iput device.
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